The household income data used most frequently to estimate poverty rates in the United States substantially underreports the value of means-tested transfers. This paper investigates how underreporting affects estimates of the incidence and composition of poverty in the U.S. from 2013 to 2015. Specifically, I apply benefit adjustments for the underreporting of three social transfers to the Current Population Survey (CPS ASEC) to provide more accurate estimates of poverty rates. Diagnostic checks indicate that the imputed benefit adjustments are imperfect, but do provide a more accurate representation of household income than the uncorrected CPS data. In 2015, the benefit adjustments add more than $30 billion of income transfers to the CPS ASEC, primarily concentrated among low-income households with children. I test the effects of the benefit corrections on two conceptualizations of poverty: the U.S. Supplemental Poverty Measure (SPM) and a relative measure of poverty set at 50 percent of federal median income. In 2015, the SPM poverty rate for the total population falls from 14.3 to 12.7 percent, a 1.6 percentage point (11 percent) decline. Among children, the SPM poverty rate falls from 16.1 to 12.8 percent, a 3.3 percentage point (20 percent) decline after adjusting for underreporting. The percent-of-median poverty rate experiences similar declines after applying the benefit imputations. The findings suggest that the uncorrected CPS data meaningfully overestimates the prevalence of poverty in the U.S., particularly among households with children. Documentation for applying the benefit corrections to the CPS is provided for improved estimates in future poverty research.
INTRODUCTION
Estimates of poverty play an important role in influencing social policy discourse. Comparisons of income-based poverty rates across time, region, and demographic group have been central to conclusions regarding the relative inclusiveness of nation-states (Atkinson 1998; Rainwater and Smeeding 2003) , the efficacy of social transfers (Bitler et al. 2017; Meyer and Wu 2018) , and the role of demographic features, such as family structure, in shaping life opportunities (Haskins and Sawhill 2009 ). This paper demonstrates, however, that estimates of poverty in the United States are often derived from a data source that suffers greatly from the underreporting of means-tested social transfers. I show that addressing the issue of benefit underreporting not only leads to notable declines in estimates of poverty in the U.S., but also affects understandings of the demographic features of individuals living in poverty.
at blind, disabled, and/or older-age adults). Combined, these three programs accounted for more than $130 billion in cash or near-cash transfers in 2015. As this paper will document, however, more than a third of this sum (around $45.6 billion) is unmeasured in the CPS ASEC, leading to an underestimation of household incomes toward the bottom of the income distribution.
Recent studies have made important progress in integrating administrative records into household surveys to address the issue of underreporting (Meyer and Wu 2018; Fox et al. 2017 ).
The integration of administrative data should be considered the "gold standard" in improving the reliability of household income data. However, important limitations exist in current capabilities to produce national poverty estimates using the integrated data. Most importantly, administrative records for programs such as SNAP and TANF are only available for a subset of states (as few as 12 states for SNAP in Meyer and Wu (2018) ). This paper instead applies an intermediate method to adjust for benefit underreporting: probability-based benefit imputations that improve the accuracy of SNAP, TANF, and SSI benefits across all states (rather than a select few) over the most recent years of household income data.
Specifically, I apply the Urban Institute's Transfer Income Model, Version 3 (TRIM3) model to impute improved estimates of household benefit receipt back into the CPS ASEC.
After performing several diagnostic checks at the national and state levels, I find that TRIM3 adjustments for benefit underreporting perform much better than the unadjusted CPS ASEC in matching administrative records on benefit dispersal. I then apply the adjusted income data to re-estimate the incidence of poverty in the U.S. in 2015. Acknowledging the conceptual debates in poverty measurement literature, I demonstrate the effect of the TRIM3-adjusted benefit adjustments on two measures of income-based poverty: the U.S. Supplemental Poverty Measure (SPM) and a relative measure that sets the poverty line at 50 percent of national equivalized household median income. While the SPM is used frequently in U.S. poverty literature, the percent-of-median concept is applied regularly in cross-national research and is used to compare levels of poverty in the U.S. to that of other wealthy nations.
The findings lead to three primary contributions to social policy and poverty literatures.
First, I show that underreporting leads to substantial overestimations of the incidence of poverty in the United States. After applying the TRIM3 benefit adjustments, the estimated SPM poverty rate for the total population in 2015 falls from 14.3 to 12.7 percent, a 1.6 percentage point (11 percent) decline. The estimated percent-of-median poverty rates falls from 16 to 14.8 percent, a 1.2 percentage point (8 percent) decline.
Second, I demonstrate that the improved data might also affect understandings of who lives in poverty. Specifically, the findings suggest that the unadjusted CPS ASEC is likely to overestimate poverty rates for households with children. For the SPM, poverty among children in single-parent households declines from 27.8 to 21.8 percent, a 6 percentage point (22 percent) change after adjusting for underreporting in TANF, SNAP, and SSI. Thus, use of the unadjusted data may bias conclusions regarding the relationship between family structure and the likelihood of poverty in the U.S.
In addition to demonstrating the effect of benefit underreporting on the incidence and composition of poverty, this paper also hopes to enable further evaluation of the benefit imputations and more accurate poverty research in the future. Though TRIM3 brings a substantial share of social transfers back into the CPS ASEC, evidence suggests that it may over-allocate its added benefits toward the bottom of the income distribution (Stevens et al. 2018 ). The benefit imputations increase the number of 'true positives' (individuals receiving benefits in the survey data and in reality), but at the cost of also increasing the number of false positives (receiving benefits in the survey data but not in reality). I discuss the implications of these findings and conclude that TRIM3, though an improvement over the unadjusted CPS ASEC, should be understood as an imperfect fix for the issue of benefit underreporting. To promote further evaluation of the benefit imputations, this paper's third primary contribution comes in the documentation provided for future researchers to apply the TRIM3 imputations to the CPS ASEC. Following the guide presented in the Appendix, researchers can utilize the TRIM3 imputations to continue evaluating the veracity of the benefit adjustments and to generate more accurate estimates of poverty in future research.
BACKGROUND

MEASUREMENT ERROR IN HOUSEHOLD INCOME DATA
Survey data that require respondents to recall information from their past, or to share potentially sensitive information, are inevitably susceptible to measurement concerns (Bound et al. 2001) . With respect to income surveys, evidence suggests that two measurement concerns -missing data and measurement error -are particularly consequential in producing accurate assessments of household income (Nicoletti et al. 2011) . Missing data issues occur when respondents refuse to answer certain questions in the survey, or when they refuse to submit their survey questionnaire altogether. Conversely, measurement error results when respondents misreport the true value of certain income components. As Kasprzyk (2005) describes, measurement error can be thought of as the difference between the value of a characteristic that the respondent provides and the 'true' value of that characteristic. In the case of income statistics, reported income values are often compared to independent benchmarks, such as administrative records, to estimate the extent of measurement error within the survey data (Moore et al. 2000) . This paper focuses primarily on measurement error within the CPS ASEC. The CPS ASEC is the source of data used to produce official U.S. poverty estimates. It also serves as the input data for the Organisation for Economic Co-operation and Development (OECD) and for LIS, the Cross-National Data Center in Luxembourg, from which estimates of U.S. poverty rates are often derived for the purpose of cross-national research. Among nationallyrepresentative surveys of American households' financial details, the CPS ASEC provides the most detailed information regarding income, transfers, and taxes.
The source of measurement error that this paper focuses on is the substantial underreporting of transfer income within the CPS ASEC. The underreporting of means-tested transfers inhibits the CPS ASEC from producing accurate estimates of disposable income among households toward the bottom of the income distribution (Meyer et al. 2009; Meyer and Mittag 2015; Wheaton 2008) . Plotting the CPS ASEC data against administrative records, for example, Meyer and Mittag (2015) find that the survey data underestimates the quantity of housing assistance recipients in New York by more than 33 percent, SNAP recipients by more than 40 percent, and TANF recipients by more than 60 percent. Similarly, Wheaton (2008) This paper will focus exclusively on estimating the consequences of benefit underreporting for estimates of poverty within the CPS ASEC. Importantly, however, issues of measurement error are not unique to American survey data. Mismatches between survey data and administrative records have been identified among earnings data in Denmark (Kristensen and Westergard-Nielsen 2006) , earnings and pensions in Sweden (Kapteyn et al. 2007 ), total household income in France, and transfer income in Italy, to name a few examples (Jäntti et al. 2013 ). Increasingly, however, Member States of the European Union (EU) are moving toward the integration of register data into the EU Statistics on Income and Living Conditions (EU-SILC), the primary source of household income data for EU Member States. The Nordic countries, Ireland, the Netherlands, Slovenia, and Switzerland, for example, each collect income data primarily from administrative records (Jäntti et al. 2013) . Ten other EU Member
States use a mix of survey and administrative collection when producing income data. Though the increased use of administrative records cannot rid concerns of measurement error (and administrative data itself cannot be assumed to be perfect), the practice nonetheless marks an improvement over a pure reliance on survey responses for producing income statistics.
In contrast, earnings and transfer income within the CPS ASEC are self-reported. As such, the probability of measurement error for any given income item is likely higher than if administrative data were used to report the value of the income item. Indeed, the evidence of substantial underreporting of means-tested transfers within the U.S. data suggests that this is the case. This paper focuses on measurement error exclusively in SNAP, TANF, and SSI for several reasons. First, they are each means-tested social transfers that prior literature has established as likely to be underreported in survey data. Second, the three programs are particularly likely to affect poverty rates, given that they tend to be underreported and are targeted at lower-income households. Third, and more pragmatically, these are the three social transfer programs for which imputation-based benefit adjustments are consistently available over time. The sources of measurement error may vary across these programs. While SNAP, TANF, and SSI may experience reporting errors due to recall issues or stigmatization of benefit receipt, Bee and Mitchell (2017) suggest that one source of error for SSI, specifically is confusion around program names.
2 Specifically, the authors find that survey respondents often confuse the SSI program with that of the Social Security Disability Insurance (SSDI) program, 2 Each year, some survey respondents do not answer the survey questions on the value of social program programs (item nonresponse). The Census Bureau allocates participation and benefit values to households that do not provide a response, but are estimated to be participating in the given benefit (Wheaton & Tran, 2018) . Thus, what starts as a 'missing data' issue becomes a potential source of measurement error (if the imputed values are different from the true values) in the version of the CPS ASEC made public. The large majority of survey respondents, however, do provide answers to all social transfer questions (Kasprzyk, 2005) .
a non-means-tested social insurance program targeted at individuals who are physically restricted in their ability to seek employment.
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Importantly, underreporting does not appear to be due to systematic under-coverage or sampling frame issues. The Census Bureau's weighting procedures account for potential undercoverage or undercount of individuals based on age, race, sex, and Hispanic origin (Wheaton 2008) . Moreover, measurement error in reported benefits does not appear to be due to systematic bias in survey response rates among lower-income households (Bee et al. 2015) .
Indeed, the Survey of Income & Program Participation (SIPP) also undercounts SNAP, TANF, and SSI benefits despite its oversampling of low-income households, suggesting that the existence of benefit underreporting is not merely a product of sampling frame (Mittag 2016; Wheaton 2008 ).
Social transfers are one of several components of survey-based income data that are prone to measurement error. Evidence suggests, for example, that measurement issues also occur at the very top of the income distribution, due a combination of survey under-coverage of high incomes, survey top-coding of very high incomes, and misreporting of assets, dividends, and other financial gains (Burkhauser et al. 2018 ) This is often true even when integrating administrative records. As these issues do not generally affect estimates of poverty, as this paper focuses on, I do not discuss them in greater detail. There is also some evidence of earnings underreporting, particularly among part-time, informal, or seasonally-employed workers.
While these concerns are likely to affect estimates of poverty, they cannot generally be resolved in the same manner as social transfers (through probability-based benefit imputations) (Weinberg 2004; Bound and Krueger 1991; Rodgers et al. 1993 to SIPP when producing cross-sectional estimates of poverty, in part due to its broader set of household income information and increased sample size (Bishaw 2017) . As detailed before, the CPS ASEC is the data source used to produce official poverty estimates, including the SPM.
Using the CPS ASEC, Fox et al. (2017) have utilized administrative data on SNAP records to overcome concerns of SNAP underreporting, but again in only a select number of states. Similarly, Meyer and Mittag (2015) used linked administrative data for the state of New
York to assess the effects of underreporting within the state. Winship (2016) has applied TRIM3 adjustments to the CPS ASEC, similar to this paper, to challenge prior estimates of the incidence of deep or 'extreme' poverty. To my knowledge, however, no study has applied benefit adjustments for SNAP, SSI, and TANF across each of the 50 states for the purpose of evaluating the two poverty concepts most utilized in recent social policy literature: the SPM and relative (percent-of-median) measures. I emphasize three reasons why an investigation into the effects of underreporting on poverty is necessary.
The first is straightforward: estimates of poverty provide an important benchmark of economic wellbeing and social inclusiveness. Changes in poverty rates over time provide signals as to the relative health of the economy and the relative wellbeing of the nation's households (Rainwater and Smeeding 2003) . Given this, it is particularly problematic if underreporting of transfer benefits increases over time which, as Wheaton (2008) suggests, is indeed the case. Thus, ostensible increases in poverty within the U.S. may simply reflect an increase in benefit underreporting. From a cross-national perspective, poverty rates across wealthy nations are often interpreted as an indicator of social inclusion and used to drive social policy recommendations (Cantillon and Vandenbroucke 2014) .
This leads to a second point: biases in the measurement of poverty (and household income, more generally) affect understandings of the efficacy of social transfers. Policy analysis research often aims to decompose the effect of policy changes on household incomes. For example, researchers might ask how the expansion of certain social programs, such as SNAP, affect the economic wellbeing of households with children (Keith-Jennings 2012; Fox et al. 2017) . If the survey data fail to accurately capture the real value of benefits distributed, however, then the analyses may likewise be biased. In their application of SNAP and TANF administrative data to the SIPP across 12 states, for example, Meyer and Wu (2018) find that the transfer programs are far more effective than the unadjusted survey data would claim.
Finally, underreporting is relevant in that its effects are not neutral across demographic groups. Consider that TANF and SNAP benefits, in particular, are concentrated among lowincome households with children (and single mothers, in particular). Thus, underreporting of these two benefits may disproportionally affect poverty rates among single parents, or households with children in general. In other words, poverty estimates derived from the unadjusted CPS ASEC may lead to overstated conclusions regarding the strength of the relationship between family structure and the likelihood of poverty.
MEASURING POVERTY
Poverty measurement is a contested field. Scholars have proposed conceptualizations of poverty that take into account household consumption (Meyer and Sullivan 2006) , material deprivation (Nolan and Whelan 2011) , individual preferences (Decancq et al. 2015) , and more.
This paper, however, focuses exclusively on income poverty. Specifically, I investigate what are perhaps the two most commonly utilized measures to estimate the rate of poverty in the U.S.: the SPM and a relative measure of poverty set at 50 percent of national median household income. The SPM is used exclusively in U.S.-centric research, while the percent-of-median measure is applied regularly in cross-national research (Fox et al. 2014; Brady and Destro 2014) . The purpose of this paper is not to debate the relative merits of either approach;
conceptual disputes regarding relative, quasi-relative, and absolute poverty measures are neatly summarized in Corak (2005) ; Brady and Destro (2014); and Foster (1998) . Given that both the SPM and percent-of-median measures are used frequently in poverty research, clarifying how benefit underreporting in the CPS ASEC affects estimates of each is relevant for improving the quality of future poverty analyses. I now describe the primary features of the two poverty measures in turn.
The SPM was introduced in 2011 to supplement the 'Official Poverty Measure' (OPM) in the U.S. Different from the OPM, the SPM poverty threshold is based on geographic differences in housing costs and a five-year moving average of mean expenditures on food, clothing, shelter, and utilities (Fox and Renwick 2016) . Moreover, the SPM takes into account all government transfers (such as SNAP benefits, in contrast to the OPM) and taxes (including refundable tax credits) when measuring household income. This comprehensive definition of household income is similar to the income definition used in cross-national research, including the percent-of-median approach discussed next. One key difference with the SPM, however, is that work expenses, out-of-pocket medical expenses, and child support paid to another household are deducted from household income before determining the household's poverty status. Rather than measuring income and poverty status at the family level (like the OPM) or the household level (as percent-of-median measures often do), the SPM unit of analysis falls in between. Formally, the units are referred to as "SPM units," which take into account more complex household and family arrangements, such as non-related cohabitating adults, unmarried parents of children in the household, foster children, or non-related children living within the household (Provencher 2011) . During 2013-2015, around 3.9 percent of households contained more than SPM unit. In 2015, the SPM poverty rate was 14.3 percent for the total population and 16.1 percent for children, before adjusting for benefit underreporting.
The 'relative' measure of poverty is the concept utilized in most EU and OECD Member
States. It is particularly common in cross-national comparisons of poverty (Corak 2005; Brady and Destro 2014; Gornick and Jäntti 2012) . Relative poverty thresholds are generally drawn at 50 percent of median equivalized household income (though variations, such as 40 or 60 percent, are also common). Proponents of the percent-of-median approach argue that thresholds based on median incomes appropriately adjust to the relativity of living standards across place and time (Chen and Corak 2005; Brady 2009 ). Though some reference group theorists might argue that poverty thresholds should be drawn for each state in the U.S. (set at 50 percent of each state's respective median income), I stick to a common national-level threshold for practical purposes: this is the approach that the OECD, LIS, and others adopt and apply most frequently in cross-national research. I also apply the LIS definition of disposable household income, which incorporates all taxes and transfers when calculating a household's net income.
The household, rather than SPM unit, is the unit of analysis of the percent-of-median measures.
Before adjusting for benefit underreporting, the percent-of-median poverty rate was 16 percent for the total U.S. population in 2015 and 19.2 percent among children.
DATA & METHODS
The methodological approach, as well as the presentation of the findings, proceeds in four stages. I first document the extent of benefit underreporting in the unadjusted CPS ASEC from 2013 to 2015. Second, I apply adjustments for the underreporting of TANF, SNAP, and SSI programs. Third, I perform diagnostic checks to assess the reliability of the benefit adjustments. Finally, I re-estimate poverty rates using the adjusted version of the CPS ASEC.
Benefit Underreporting
Receipt of TANF and SSI benefits is reported at the individual level in the CPS ASEC, while SNAP benefits are reported at the household level. . I use these sources throughout this paper when comparing CPS ASEC data to administrative records.
Imputing Benefit Adjustments
After documenting the extent of underreporting, I utilize the Urban Institute's TRIM3 model to impute a large share of the unmeasured SNAP, SSI, and TANF benefits back into the CPS ASEC (Zedlewski and Giannarelli 2015) . 5 In short, TRIM3 utilizes information about each individual and household in the CPS ASEC to predict their likelihood of benefit receipt, as well as the value of benefits that a recipient is likely to receive. The simulations take into account program participation and benefit allocation data from federal and state administrative records when assessing the likelihood that a given household within the CPS should be assigned benefits. Thus, the simulation process is able to take into account individual/household data on race, ethnicity, immigrant status, marital status, household structure, state of residence, income, state-level policy rules, and more to estimate program participation and benefit levels. The simulated SNAP, SSI, and TANF benefit levels can be used in place of reported values to adjust for under-reporting within the CPS ASEC.
5 TRIM3 creates replicates of immigrant households in its simulations to account for uncertainty in 'undocumented status' versus 'legal permanent resident status' when allocating transfer benefits. In utilizing the TRIM3-adjusted survey data, researchers can choose to either keep the replicate households and use a TRIM3-provided weight, or to re-aggregate the cloned households back into a single household, in which case the CPSprovided weights can be utilized. As detailed in the replication dofiles in Appendix IV, I convert the cloned households back into their original households. I follow TRIM3 guidelines in utilizing the replication weights to aggregate the TRIM3-adjusted benefits back to the original household level.
A full description of the simulation methodology is detailed in Zedlewski and Giannarelli (2015) . Here, I highlight the three primary steps of the imputation procedure, using SNAP as an example. In the Supplemental Appendix, I provide more extensive documentation on the imputations.
Step one identifies the units eligible to receive SNAP benefits. As Wheaton and Tran (2018) summarize, TRIM3 "follows the same steps as would be followed by a caseworker, such as applying rules for noncitizens' and students' eligibility, applying the liquid assets (resource) test, computing gross income, calculating deductions to determine net income, and performing the income tests." Eligibility is determined on a monthly basis and takes into account state-level variation in eligibility rules, broad-based categorical eligibility policies, and state waivers for participation among able-bodied working-age adults.
The second stage then calculates the potential benefit value of the eligible units. Monthly benefit values are assigned based on program rules and the size, characteristics, and income of the SNAP unit (most often the household). The third stage then predicts benefit participation among eligible units. If a unit in the CPS ASEC is eligible for SNAP benefits and reports receiving SNAP benefits, then the TRIM3 model includes it in its participation count. Among units that are eligible but do not report benefit receipt, TRIM3 simulates participation to meet administrative targets on household type (single-parent household, two-parent household, number of individuals aged 60+), benefit receipt of TANF and SSI, benefit levels (increments of $1-$50, $51-100, and so on), state of residence, and citizenship status. More specifically, TRIM3 produces an initial probability of participation based on the unit type (for example, single parent with two children) and the amount of benefits that the unit is eligible for (as units eligible for higher benefit values are likelier to participate). Probabilities are set so that the aggregate targets (administrative caseload numbers) of SNAP participation will be met. The probability that a unit participates in a benefit is then altered according to its state of residence and citizenship status of individuals in the households. Among units eligible to receive SNAP benefits, a random number generated for each unit is compared to the unit's participation probability, and those with random numbers below the probability threshold will participate.
Units ineligible to receive SNAP benefits are excluded from the participation simulation. This procedure is presented in more detail within the Supplemental Appendix and in Zedlewski and Giannarelli (2015) . Similar procedures are used to estimate SSI and TANF eligibility and benefit values, again taking into account benefit rules and regional variation in benefit levels and probability of participation.
Assessing the Accuracy of the Benefit Imputations
After using TRIM3 to impute the SNAP, SSI, and TANF benefits back into the CPS ASEC, I assess the accuracy of the benefit imputations relative to administrative records on benefit dispersal. To do this, I begin with a comparison of the weighted annual sum of transfers (now with the imputed benefits) to the administrative data. I also analyze the distribution of benefits by state to assess the geographic dispersion of imputed TRIM3 benefits. Due to a lack of accessible, state-level administrative data on the characteristics of households receiving transfer benefits, however, I am unable to assess whether the TRIM3-adjusted benefits are distributed accurately across household types and demographic features at the state level.
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Among the three transfer programs addressed here, SNAP features the most detailed records on the demographic composition of households participating in the program.
Specifically, the SNAP quality control (QC) reports provide annual data on monthly samples of SNAP participants across the U.S. broken down by household size and family type. I use the SNAP QC report from 2015 as a benchmark to compare the characteristics of SNAP participants in the unadjusted and TRIM3-adjusted CPS ASEC. As surveys, the SNAP QC reports are also prone to measurement error; however, they are unique in that they target only households receiving SNAP benefits and, thus, provide a useful and representative portrait of the characteristics of SNAP recipients. The sample size of the SNAP QC in 2015 was 48,022.
Ideally, this validation exercise would be able to compare whether the TRIM3-adjusted benefits match administrative data with respect to the national income distribution of SNAP, TANF, and SSI recipients. National administrative data on benefit receipt and levels, however, do not report information on the income distribution of households receiving the benefit. The SNAP QC surveys share monthly income information for SNAP recipients, but this monthly data is not comparable to the annual income reported in the CPS ASEC. This is a potential concern. Investigating the accuracy (relative to administrative records) of TRIM3's SNAP adjustments for the New York State sample in 2010, for example, Mittag (2016) finds that the SNAP benefit adjustments improve the accuracy of participation rates and levels of benefits, but overcorrect among low-income households. Stevens et al. (2018) perform a similar analysis across seven states, finding that the unadjusted and TRIM3-adjusted CPS ASEC both overallocate SNAP participation to low-income households. Building on these findings, I also present the gross income distribution of benefit recipients before and after applying the TRIM3
adjustments. This provides an initial indication of the effect of TRIM3 imputations across the income distribution, and provides a foundation for further diagnostic checks as administrative records become more accessible and expand their coverage across a larger number of states.
Re-estimating Poverty Rates
Finally, I re-estimate U.S. poverty rates in 2015 using the adjusted SNAP, SSI, and TANF benefit levels. As detailed in the prior section, I compute poverty estimates using both the SPM and percent-of-median conceptualizations of poverty. In addition to providing improved estimates of poverty for the total population, I decompose poverty estimates by family structure to demonstrate the effects of the benefit adjustments on demographic differences in poverty rates. Researchers can replicate the poverty analyses presented here using the documentation and replication code provided in Appendix IV. The CPS ASEC appears to do a far better job of measuring SSI benefits. In each year, at least 80 percent of SSI benefits are captured in the data (a three-year mean of 84.8 percent).
FINDINGS
Because SSI is a substantially larger program relative to TANF, however, even 15 percent of benefits unaccounted for can lead to greater potential biases in the measurement of household income. In 2015, $56.2 billion in SSI benefits were distributed, 85.2 percent of which are accounted for in the unadjusted data. The amount of unmeasured benefits is thus equal to around $8.3 billion in 2015.
The estimates in Figure 1 align with the patterns of benefit underreporting documented in prior evaluations (Meyer et al. 2009; Wheaton 2008) . Aggregating the sums of the unmeasured benefits, we can estimate that about $45.5 billion worth of SNAP, TANF, and SSI transfers are unaccounted for in the 2015 CPS ASEC. How do the imputed TRIM3 benefit adjustments compare to the administrative data? Table 1 (2017) respectively. Weighted benefit sums are estimated at the household level using household weights provided in the CPS ASEC.
As Table 1 shows, the TRIM3 benefit adjustments for SNAP, TANF, and SSI each come much closer to administrative records relative to the unadjusted CPS. The imputed SNAP benefits amount to 86.6 percent of the total value of SNAP benefits allocated in 2015. This is a substantial improvement to the unadjusted CPS ASEC (which captures 52.6 percent of the total in this year) and leads to a sum of about $23.7 billion added into the CPS ASEC.
Similar patterns exist with respect to TANF and SSI adjustments. For TANF, the TRIM3 adjustments add in more than $3 billion in cash assistance. More than 84 percent of the total value is now accounted for, relative to the 44.7 percent in the unadjusted data. For SSI, 93.5 percent of the benefits are accounted for after the TRIM3 adjustments -an increase of nearly $4.7 billion added to the CPS ASEC. In all, the TRIM3 adjustments add more than $30 billion of transfers in 2015 alone and provide a more accurate representation of the total sum of benefits allocated. The inability of TRIM3 to measure the full 100 percent of the administrative totals reflects, first, that some individuals outside the CPS ASEC sampling frame (such as homeless or institutionalized individuals) also receive transfer benefits and, second, that measurement error still exists within the TRIM3 imputations. However, the findings also show large inconsistencies across states in the share of benefits captured, both before and after applying TRIM3. Even after applying TRIM3, benefits appear to be over-counted (the levels in the survey data are larger than the levels in the administrative records) in roughly a fifth of states for each program. More research is needed into understanding the sources of this variation across states, and caution should urged when interpreting state-level results using either the unadjusted or TRIM3 data. Table 2 compares participation rates and household composition of SNAP beneficiaries in the survey data to administrative records and SNAP quality control (QC) surveys in 2015.
Again, the SNAP QC data is an annual summary of monthly surveys of SNAP beneficiaries.
According to the SNAP administrative records, approximately 17.9 percent of households received SNAP benefits in 2015. The unadjusted CPS ASEC suggests that 11.1 percent of households received SNAP benefits, while the TRIM3-adjusted estimate of SNAP participation nears that of the administrative records (the difference between the administrative total and TRIM3 estimate is not statistically significant). According to the QC sample, about 42.7 percent of SNAP households contained children, and around 21 percent contained children under the age of 5. The unadjusted and TRIM3-adjusted CPS ASEC feature similar patterns with respect to the characteristics of SNAP households: relative to the QC sample, they both overestimate the share of SNAP households with children (around 49 percent).
Relative to the unadjusted CPS, the TRIM3-adjusted benefits more closely match the SNAP QC surveys with respect to the share of households featuring an individual over the age of 60 (around 20 percent), and the share of households receiving Social Security benefits. For most characteristics, however, the differences between TRIM3 and unadjusted CPS ASEC estimates are not statistically different from zero (living in a metropolitan area, the share of households receiving TANF or SSI, and households with non-citizens). In other words, the composition of households receiving SNAP benefits after the TRIM3-adjustments is generally comparable to the composition of households receiving SNAP benefits before the adjustments.
Which demographic groups benefit the most from the TRIM3 adjustments? In Appendix II, I present, for each of the three programs examined, the conditional median value of the benefit among households receiving the benefit and the coverage rate of the benefit, defined as the share of households receiving any value of the benefit during the year. For each of the three programs, we see that households with children see greater increases in estimated coverage rate relative to households without children. The share of households with children receiving SNAP benefits, for example, jumps from 17.9 to 28.8 percent with the TRIM3-adjusted benefits. The share of households with children receiving TANF benefits increases from 2 to 4.4 percent, while the share receiving SNAP benefits increases from 3.5 to 6 percent.
Finally, I examine the gross household income distribution of SNAP, TANF, and SSI beneficiaries before and after the TRIM3 adjustments. Here, gross household income includes all cash income (for example, market earnings, pension benefits, child support payments, gains from unemployment insurance, and more) but excludes transfers from SNAP, TANF, and SSI. In both the pre-and post-TRIM3 distribution of SNAP households, estimated participation in SNAP declines near-linearly as gross household income increases. In fact, the relative income distribution of SNAP beneficiaries is near-identical before and after the TRIM3 adjustments.
At each percentile in the bottom half of the gross income distribution, however, participation in SNAP is higher after the benefit adjustments.
Re-Estimating Poverty Rates with TRIM-Adjusted Benefits
Figure 3 now presents updated poverty rates for the total population and among children in 2015 after applying the TRIM3 adjustments. As discussed previously, I present estimates for both the SPM and the percent-of-median concepts. estimates measured with the SPM. For the total population, the estimated poverty rate using the SPM falls from 14.3 to 12.7 percent after applying the benefit adjustments, a relative decline of 11.1 percent. Children are particularly affected: child poverty estimates fall drop from 16.1 to 12.8 percent, a decline of 3.3 percentage points (20 percent) with the TRIM3-adjusted benefits.
Poverty rates estimated with the percent-of-median concept are higher than the SPM estimates. The differences before and after the benefit adjustments, however, are similar.
Examining the total population in 2015, the estimated poverty rate falls from 16 to 14.8 percent -a decline of 1.2 percentage points (7.7 percent) after adjusting for underreporting. Again, the declines are even greater when re-calculating child poverty estimates. The estimated child poverty rate falls from 19.2 to 16.3 percent, a 2.9 percentage point (15 percent) decline. In Appendix III, I decompose the overall changes in post-TRIM3 poverty rates by transfer program (SNAP, TANF, and SSI). For the SPM, the TRIM3 adjustments for SNAP benefits
were responsible for about two-thirds of the total poverty reduction for the total population (1 percentage point of the total 1.6 percentage point change after applying TRIM3). For the percent-of-median measure, the SNAP adjustments were responsible for about three-fourths of the total reduction (0.9 percentage points of the total 1.2 percentage point change). In contrast, the pre-post differences in poverty estimates after only adjusting for TANF benefits are not statistically different from zero.
In Table 3 , I present re-estimates of poverty rates for children in single-parent households, children in two-households, for adults (age 18 to 64), and for the age 65+ demographic. It is well established that children in single-parent households (and single mother households, in particular) face a greater likelihood of living in poverty. Cross-national research demonstrates that this is especially true in the United States (Brady et al. 2017) . At the same time, single-parent households are particularly likely to utilize TANF and SNAP benefits and, thus, may be more affected by the underreporting of these two benefits in the unadjusted CPS ASEC. Figure 3) . Using the percent-of-median measure, child poverty rates fell from 19.2 to 16.3 percent after TRIM adjustments. Asterisks (*) in "Signif." Column indicate that difference is statistically significant (95 percent confidence).
For poverty rates estimated with the SPM, the share of children in single-parent households living in poverty falls from 27.8 to 21.8 percent (6 percentage point decline) with the TRIM3 imputations. This is a relative decline of more than 21 percent -higher than for any and over are not statistically significant for either measure of poverty. Again, this is not surprising: SNAP and TANF benefits are concentrated among low-income households with children, and such households are less likely to contain retirement-age adults.
In Appendix I (Table A2) Researchers interested in obtaining disaggregated poverty estimates at the state level, however, can use the documentation provided in Appendix IV to replicate and extend the findings presented here.
DISCUSSION & CONCLUSION
Despite longstanding evidence of benefit underreporting in the CPS ASEC, few researchers have evaluated or utilized the publicly-available methods for generating more accurate estimates of household income. As a result, estimates derived from the unadjusted CPS ASEC data are likely to overstate the incidence of poverty in the U.S. Equally concerning, these estimates may misrepresent the demographic characteristics of individuals living beneath the poverty line. This paper applied the Urban Institute's TRIM3 simulation model to address the underreporting of SNAP, TANF, and SSI benefits. Relative to the unadjusted CPS ASEC, which fails to capture roughly half of allocated SNAP and TANF benefits in recent years, the TRIM3-adjusted benefits align more closely with administrative records on benefit participation and benefit levels. However, there remains a risk that the TRIM3-adjusted benefits for SNAP, in particular, are over-allocated toward lower-income households. As a consequence, the benefit adjustments may lead to lower estimates of poverty than administrative records, if available across all 50 states, would suggest.
A central purpose of this paper is to make the benefit imputations more accessible for future research. In Appendix IV, documentation is provided for researchers to apply the TRIM3 imputations to the CPS ASEC in their own work. Thus, scholars can build off the key findings presented here to continue to assess the relative accuracy and anti-poverty effect of the adjusted benefit estimates. This paper's findings demonstrate why more frequent application of the benefit adjustments is necessary: when calculating poverty rates using the TRIM3-adjusted data, the overall poverty rate falls from 14.3 to 12.7 percent when measured with the Supplemental Poverty Measure, and from 16 to 14.8 percent when using the relative measure of poverty applied frequently in cross-national research. In absolute terms, the differences equate to between 23 to 35 million Americans misclassified as living in poverty in 2015, depending on the poverty concept applied. The reductions in poverty rates are particularly large among children: child poverty rates measured with the SPM fall from 16.1 to 12.8 percent after applying the TRIM3 benefit adjustments.
Though the TRIM3-adjusted benefits applied here greatly improve the sum of transfer benefits measured in the CPS ASEC data, probability-based imputations remain an imperfect solution to the issue of benefit underreporting. To start, the benefit imputations introduce new possibilities for measurement error in their attempt to address benefit underreporting.
Specifically, imperfections in the imputation process can assign transfer benefits to households who do not in reality receive them, or can systematically over-assign transfer benefits toward low-income households. Indeed, Stevens et al. (2018) find this is the case for TRIM3-adjusted SNAP benefits in seven states. Due to the over-allocation of SNAP benefits to households beneath the poverty line, the TRIM3 adjustments actually over-corrected poverty estimates in their sample (compared to the poverty estimates suggested by the authors' administrative records on household income). Probability-based imputations thus come at a cost. While the adjusted data more accurately measure the sum of means-tested benefits allocated to the population, and while the number of 'true positives' (individuals receiving benefits in the survey data and in reality) increases, the number of false positives (receiving benefits in the survey data but not in reality) also increases (Stevens et al. 2018) . As emphasized before, the direct integration of administrative data would be preferable to probability-based imputations.
However, the current capabilities of integrated administrative data do not allow for nation-wide estimates of poverty using adjusted SNAP, TANF, and SSI benefits. In the latest step forward in the use of integrated records, improved SNAP estimates were only available for 12 states, and improved TANF estimates for 30 states (Meyer and Wu 2018) . Until the use of administrative data is publicly-available across each of the United States, the TRIM3-adjusted benefits provide researchers an intermediate approach to producing more precise estimates of the incidence of poverty at the national level. Still, the benefit adjustments must be acknowledged as an imperfect solution and interpreted with caution.
Though this paper focuses primarily on measurement error within transfer income, other measurement concerns within survey data may still affect estimates of the household income distribution. As mentioned previously, the misreporting of earnings, particularly among parttime or infrequent workers, may overstate the incidence of poverty if these workers tend to be below the poverty threshold (Weinberg 2004) . Beyond income misreporting, sampling challenges make it difficult for surveys to capture the very poor (such as many homeless individuals) or the very rich (Burkhauser et al. 2018) . With particular concern for European income data, the exclusion of sampling design variables within the microdata can complicate the calculation of precise standard errors and confidence intervals around poverty estimates (Goedemé 2013) . Measurement challenges abound, and continued research is needed to improve the quality and reliability of survey-based income information.
The improvement of survey data also opens up the opportunity for new research. In cross-national analyses of poverty, the U.S. is considered an outlier due to its high levels of poverty relative to other EU or OECD Member States. To what extent do such findings hold, however, when issues of benefit underreporting are addressed? The benefit adjustments might also affect findings with respect to intra-U.S. analyses of poverty. Fox et al. (2014) have extended the SPM poverty rate to the late 1960s, finding that poverty has declined throughout recent decades. Given the effects of underreporting on estimates of SPM poverty, and that underreporting appears to have increased over time, the authors' findings might still underestimate the decline of poverty in recent years.
Beyond the overall incidence of poverty, researchers can use the improved data to evaluate the veracity of prior conclusions of the demographic composition of poverty. Much of the poverty literature for example, has focused on the relationship between family structuresuch as single motherhood -and the likelihood of poverty (Brady et al. 2017) . As this study shows, however, the underreporting of means-tested transfers is particularly consequential for lone-parent households. When applying the benefit adjustments, the SPM rate among singleparent households falls from 27.8 to 21.8 percent -a greater relative decline than any other subgroup examined. To be sure, children in single-parent households remain likelier than those in two-parent households to live in poverty. However, the findings presented here suggest that social transfers do more than previously observed to reduce the likelihood that a single parent lives beneath the poverty line.
Finally, researchers should continue to assess the veracity of the benefit adjustments relative to administrative records or other sources of information on the characteristics of benefit recipients. In this study, I utilized SNAP quality control reports and administrative data on participation and spending levels to assess the reliability of the TRIM3-adjusted benefits. As administrative micro-data on benefit recipients becomes more accessible across a larger number of states, future studies should evaluate in greater detail the income situation and demographic characteristics of SNAP, SSI, and TANF recipients. This would be useful in investigating the structure of underreporting within household surveys, as well as for further assessing the accuracy of imputation-based procedures in addressing the issue of underreporting. 
APPENDIX I: State-Level Estimates of Poverty & Underreporting
III. Download TRIM3 Files
After registering for and receiving access to TRIM3, you can then download the files needed to adjust for benefit underreporting in the CPS ASEC. To do so, visit the TRIM3 website (trim3.urban.org) and select the TRIM3 Navigator link using your login credentials. On the next page, select "Microdata" or "Microdata Examiner."
This paper uses the 2013 to 2015 microdata files, but TRIM3 files are available for the 1993 March CPS onward (if using the older files, however, take note that TRIM3 imputation procedures may have changed over time). Here, I detail how to download and merge the 2015 TRIM file into the CPS ASEC, but the same procedure applies for other years.
Select the 2015 (2016 CPS ASEC) input data set. You will then download, at a minimum, the following files, selecting the "extract data" link next to each. The sub-bullets below each file name indicate the variables within each extract that you should select prior to download:
Under "formatting options", select Stata 2.1 format (if using Stata) and extract each set of data. Follow the link on the proceeding page to begin the download. Save each file into a local folder. If downloading files from multiple years, I recommend saving them into separate folders with the respective year as the folder title. Recommended file names for the 2015 downloads (useful if following the merge instructions in the dofiles below) are, respectively: input2015p, input2015h, input2015f, snap2015, ssi2015, tanf2015.
IV. Merging TRIM3 into CPS ASEC
After downloading the TRIM3 files, you can now merge them into the CPS ASEC. This process consists of three steps: the first is to merge the separate TRIM3 files into one unified file. The second step is to merge the unified TRIM3 file into the CPS. The third step then treats the adjusted CPS ASEC file to account for the presence of high-income clones and alien replicates within the TRIM3 data.
Download the Stata dofile here to view and run the commands: Dofile 1 of 2: Merging TRIM3 into CPS ASEC Download: https://github.com/cpstotrim/dofiles/blob/master/replication_dofile1.do
V. Re-Estimating Poverty Rates
The Stata dofile below contains the code to estimate poverty rates with the TRIM3-adjusted benefits and to replicate each of the analyses in this paper.
Download the Stata dofile here to view and run the commands: Dofile 2 of 2: Estimating Poverty Rates with TRIM3-Adjusted Benefits Download: https://github.com/cpstotrim/dofiles/blob/master/replication_dofile2.do
